Social networks analysis allows to study and understand the structural properties of a wide spectrum of natural or artificial systems. In the field of education, online social networks arise quite naturally in the virtual classrooms as an inherent part of the learning activities. In this work we focus in forums participation, modeling and investigating the social relationships taking place during an undergraduate course on computer networks. Our findings show significant correlations among the patterns of engagement and the structure of the networks and the students' achievements.
INTRODUCTION
During the recent years, the structure of several natural and artificial complex systems has been analyzed, and as a result many of the structural properties of these objects have been discovered (Barabási, 2016) . The examples are pervasive, from biological networks to online social networks, or from the Internet AS topology to the Bitcoin transactions. Nevertheless, despite the significant progress made in the structural understanding of massive networks the ultimate goal is to translate this physical or logical structure, which has no meaning in itself, to functional predictions or behavior of the system under study.
In the field of education, online social networks (OSNs) arise quite naturally when information technology is used in the classroom as an inherent part of the learning activities. The network is just a depiction of the existence and strength of interaction among the students, or among the students with the instructors. It has long been recognized that the structure of such interactions is key to a deep comprehension of the information flow within the students' group, and that in the end it can be used to measure the quality of the learning process and to infer students' performance directly from their pattern of interactions.
In this paper, we discuss the results of structural social networks analysis (SNA) conducted on a class of college students. Traditionally, information technology-based learning activities have not been regarded as pure academic activities, but this view is shifting and giving way to the introduction of informal learning-oriented tasks embedded into the course design (Cross, 2006) . In our case, we use a software platform based on Moodle, especially built for encouraging online participation of the students to design, carry out and evaluate a set of online learning tasks and games. After logging the activity during a full year, we have performed a thorough network analysis with the aim to understand the information flow within this controlled group of students. In this work we focus on the participation in forums, modeling the social relationships taking place in each one of the three forums of the virtual classroom as suitable social graphs. Our findings include the detection of significant correlations among the pattern of activity and the structure of the network and the final results.
The rest of the paper is organized as follows. Section 2 summarizes some recent related work. The methodology employed in the course under study is reported in Section 3. Section 4 contains the main results of the SNA applied to the datasets. Finally, some concluding remarks are included in Section 5.
RELATED WORK
In the last decade, a significant research effort has been done on understanding how the interpersonal interactions in OSNs shape, reinforce and enhance the learning process. Datasets were mined in order to discover the most influential students or to find out how collaboration among groups of students arise, and the impact of relationships on learners' performance. In other words, whether the structure of the community to which a student belongs while he/she is engaged in the learning environment has any substantial correlation on his/her performance. In this Section, we pro-vide a chronological review of representative papers. A more extensive compilation can be found in (Dado and Bodemer, 2017) .
The focus of the study reported in (Laat et al., 2007) is to highlight the advances that social network analysis can bring, in combination with other methods, when studying the nature of the interaction patterns within a networked learning community and the way its members share and construct knowledge. Structural analysis of student networks has been done in (Dawson, 2008) too, where the authors explore the relationships between a student's position in the social learning network and their reported sense of community. The findings suggest that the position is indicative of both their degree of perceived sense of community and of the nature of the academic and social support the student requires for future progression through the course. A complementary work (Haythornthwaite, 2008) studies learning communities from a social network perspective, including what relations are evident in these communities, how media affect online relationships formation and what benefits can arise from successfully maintaining learning networks. In (Manca et al., 2009) authors highlight the importance of a good understanding of the communication flows that really occur among users in educational online forums, in order to detect significant postings to be included in social networks analysis. (Rienties, 2009 ) examines the impact of academic motivation on the type of discourse contributed and on the position of the learner in the social learning network, concluding that highly intrinsically motivated learners become central and prominent contributors to cognitive discourse; in contrast, extrinsically motivated learners contribute on average and are positioned throughout the social graph. (Heo et al., 2010) investigates the patterns and the quality of online interactions during project-based learning, showing its correlation with project scores. The identification of social network analysis indices that are actually related to the experiences of the learning process is addressed in (Toikkanen and Lipponen, 2011) , showing that some popular measures such as density or degree centrality are meaningful or not depending on the characteristics of the course under study. The structure of two distributed learning networks is given in (Cadima et al., 2012) in order to understand how it could enhance students' success. In (Hommes et al., 2012) , the authors study the influence of social networks, motivation, social integration and prior performance on learning, proposing degree centrality as a key predictor for students learning. In addition to structural properties, the influence of cognitive styles and linguistic patterns of self-organizing groups within an online course is the focus of (VercelloneSmith et al., 2012) .
More recently, the work (Shea et al., 2013) examines relationships between online learner self-and co-regulation. Here, the results indicate that students with high levels of learner presence occupy more advantageous positions, suggesting that they are more active and more sought after in networks of interaction. (Stepanyan et al., 2014) discusses the patterns of network dynamics within a multicultural online collaborative learning environment. The study tests a set of hypothesis concerning tendencies towards homophily/heterophily and preferential attachment, participant roles and group work in the course under study. In (Xie et al., 2014) social network analysis techniques are used to examine the influence of the moderator's role on online courses. The main conclusion is that when students are assigned to the moderator position their participation quantity, diversity and interaction attractiveness increases significantly, and their lack of participation influences the group interaction. A theoretical model is developed in (Chung and Paredes, 2015) to investigate the association between social network properties, content richness in academic learning discourse and performance, concluding that these factors cannot be discounted in the learning process and must be accounted for in the learning design. In (Gaggioli et al., 2015) , the relationship between social network position, creative performance and flow in blended teams is investigated. The results indicate that social network indices, in particular those measuring centralization and neighbors' interactions, can offer valuable insight into the creative collaboration process. (Lin et al., 2015) compares the impact of social-context and knowledge-context awareness on quantitative and qualitative peer interaction and learning performance, showing that with the first one the community had significantly better learning performance, likely related to the more extensive and frequent interactions among peers. (Siqin et al., 2015) investigates the discourses involving student collaboration in fixed groups and opportunistic cooperation. They find that actively participating and contributing high-level ideas were positively correlated with students' domain of knowledge. The existence of a positive relationship between centralization and cohesion and the social construction of knowledge in discussion forums is the main conclusion in (Tirado et al., 2015) . In (Putnik et al., 2016 ) the authors present a new model for students' evaluation based on their behavior during a course, and its validation through an analysis of the correlation between social network measures and the grades obtained by the students. Finally, (Jan and Viachopou-los, 2018) investigate the influence of learning design and tutor interventions on the formation and evolution of communities of learning, employing SNA to study three differently designed discussion forums.
Related to our previous work within this area of research, (Sousa et al., 2017) pays detailed attention to the characterization of informal learning activities. To this end, we used one custom software platform, SocialWire, for discovering what factors or variables have measurable correlation with the performance of the students. The dataset was first collected along three consecutive editions of an undergraduate course on computer networks. Later, we also measured the extent and strength of social relations in a online social network used among students of a master level course on computer networks (Sousa et al., 2018) . The dataset comprised again a period of three academic years. As these papers discuss, in addition to the quantity of interactions among participants, successful prediction of performance is possible when the quality of interactions can also be observed, or inferred on the basis of the network structure.
In this work we use a similar approach, but applied to the analysis of forums engagement. It is the first time that we encourage and reward quality participation in this activity in the undergraduate course on computer networks under study.
EDUCATIONAL CONTEXT & DATASET
We have taken as our educational environment the 2017/2018 edition of a course on Computer Networks directed to undergraduates of the second year in the Telecommunications Engineering bachelor degree. This course has a weekly schedule that spans 14 weeks. Overall, the classroom activities are organized as follows:
• Lectures (2 hours each), that mix descriptive content (the Internet architecture, basic principles and concepts, anatomy of the main protocols) with some elementary mathematical details for analyzing network performance.
• Laboratory sessions (2 hours each), organized in small study groups. These are complementary sessions where the students solve written exercises, work hands-on with real networking equipment and make a small programming assignment.
The course activities are supported by a tailored Moodle site to which the students and teachers belong, and wherein general communication about the topics covered takes place. To encourage networked learning and collaborative work, each year different activities are planned and carried out in the platform. The students may gain different points by completing or participating in these activities, and the resulting rankings are eventually made public to the group. In the edition forming the basis for this work, the following online activities were proposed:
1. Homework tasks, to be worked out previously to the in-class or the laboratory sessions. With this activity teachers successfully encourage the students to prepare some of the material in advance.
2. Quizzes, proposed before the midterm exams. Quizzes are just practice exams for self-training.
3. Collaborative participation in forums. Three separate forums were created in Moodle to allow the students to post questions, doubts or puzzles related to the organization of the course (organization forum), the content of the in-class lectures or the laboratory sessions (lessons forum), and the programming assignments (programming forum).
4. Optional activities, such as collaborative edition of a glossary of terms related to the subject, games, peer assessment of tasks, etc.
The maximum score of tasks and quizzes is measured in so-called merit points, and represents the total score gained from engagement in online activities during the continuous assessment. It is also possible to obtain extra merit points by doing some optional activities in order to compensate for bad scores or late submissions of some of the tasks or quizzes.
The participation in forums, the answers to doubts or the act of sharing interesting resources are also rewarded with points granted by the teachers or the classmates; specifically, each post can be voted in a discrete scale: 3 points (lessons forum), 5 points (programming forum) or 11 points (organization forum). As new points are obtained, the karma level of each student increases, depending on the average of the points obtained in each forum, the difference with the average of the points obtained by the class in each forum, the total number of points obtained and the total number of posts voted by the student. The weighs of the lessons, programming and organization forums to the karma level are 75%, 15% and 10%, respectively.
Finally, the use of the virtual classroom is also rewarded by the automatic scoring of different actions carried out in the platform related to the normal activity unfolded along the term, like viewing resources, posting new threads, replying to posts, etc. The socalled experience points are awarded in a controlled environment, with their maximum values and their frequency set by the teachers. The accomplishment of some tasks, the karma levels and the experience points are ultimately converted into certain benefits helpful to pass the subject: bonus points for the grades, more time for the assignments, tips in the final exam, etc.
Though this course may be passed with a single final examination covering all the material (provided the programming assignment meets the minimum requirements), students are encouraged to follow the continuous assessment path. The weight of the continuous assessment is 50%, and the remaining 50% is awarded as the result of a final exam held on two different dates (last week of May and first week of July, non-exclusive). The continuous assessment weight is split into a 20% for the programming assignment, a 20% from the midterm exam and a 10% of the final grade comes out from the points gathered by engaging in the social activities described previously, devised as a tool to increase the level of participation.
To finish our description, in this edition 136 students followed the course. 129 students which followed the continuous assessment and 65 of these finally passed. Only 7 students were not stuck to continuous assessment, and 2 of them were able to pass. Remarkably, one of the two had a very active participation in the three forums.
ANALYSIS OF THE DATASETS
We applied standard SNA (Newman, 2010) techniques and tools to mine the data collected in the forums activity. As explained in the introduction, we model the social relationships taking place in each one of the three forums as graphs, termed hereafter lessons graph (LG), programming graph (PG) and organization graph (OG). Our intent is to explain the basic structural properties of such graphs as consequences of the social interactions among its agents.
For such purpose, we recorded the events that took place in each forum: users who posted new threads, users who replied, and the average valuations they received. This information is represented as a graph where two nodes -the users-are connected by an edge if one has given a reply to an entry posted by the other. Self-edges represent new threads. The weight of each edge is equal to the average points obtained by the reply or the new thread post.
An illustration is given in Figure 1 , where every node is a student identified by his/her position in the ordered list of final grades. The node with label 0 corresponds to the instructors. Light green nodes belong to students that passed the subject at the first opportunity (May), while dark green is for students who passed after the second opportunity (July), and grey is for those students who dropped off the course or failed the subject in the end. The width of each edge is proportional to its weight.
Graph Level Measures
In SNA, the static or dynamic structure of a graph reveal key aspects of the collective and individual behavior of the agents. Next, we briefly report some of the typical descriptive measures of a graph, and their values in our datasets. Notice that for some measures we consider simplified versions of the graphs, where the weight of each edge is the sum of the weights of all the edges between the underlying pair of nodes. Moreover, including self-edges means including the opening of new forum threads in the analysis.
Density
The density of a graph refers to the number of edges that exist, reported as a fraction of the total possible number of edges, with values ranging from 0 (sparsest) to 1 (densest). The results in Table 1 show that the density values are small and only a bit higher in the organization graph. This fact simply reflects the definition of the links; since only a part of the students provide replies of each post, we would not expect a dense graph of interactions.
Reciprocity
Reciprocity accounts for the number of mutual exchanges of information in the network. In the studied graphs, these exchanges happen in the form of postsreplies pairs. In mutual collaboration, either part receives at least one reply from the other part. Table 1 also lists the average reciprocity in the networks. The results obtained are noticeable, since they are measuring an interactive activity as the participation in forums. The smaller value of the OG is due to the fact that many of the questions raised in this forum are solved with a single answer, in many cases by the teachers. This also happens in the PG, in which some of the doubts, mainly related to the specifications of the tasks, are also solved by the teachers.
Transitivity
A broader form of collaboration is transitivity, the fraction of closed loops with three nodes in the graph. The global transitivity coefficient has been computed for the datasets. The results obtained are shown in Table 1 again, and confirm that transitivity is moderate. However, this is not entirely unexpected, since in forums there is benefit in acquiring or propagating information through third parties. Our data are consistent with this observation and, consequently, transitivity is quite small. Notice the opposite order of the values of reciprocity and transitivity of the three networks. 
Cliques
A clique is a maximal complete subgraph of a given graph. So, a clique represents a subcommunity where each member interacts with any other member. 2-cliques and 3-cliques are related to the measures discussed in the last paragraphs. Table 1 lists the number of cliques in the graphs by their size. We can see that large cliques are not very likely.
Centrality
Many different measures of centrality have been developed, that capture different features of nodes' position in a graph, the following ones being some of the most commonly used:
• Degree centrality: measures how connected a node is, just counting its neighbors.
• Closeness centrality: measures how easily a node can reach other nodes, computing the inverse of the average length of the shortest paths to all the other nodes in the graph.
• Betweenness centrality: tries to capture the importance of a node in terms of its role in connecting other nodes, computing the ratio between the number of shortest paths that a node lies on and the total number of possible shortest paths between two nodes.
• Eigenvector centrality: a measure based on the premise that a node's importance is determined by how important or influential its neighbors are. The scores arise from a reciprocal process in which the centrality of each node is proportional to the sum of the centralities of the nodes it is connected.
For the case of degree centrality, we considered separately the in-degree centrality, which is the number of replies a student receives, and two measures of the out-degree centrality: (1) the number of replies given by a student in the graphs without self-eldges, and (2) the number of new threads opened and replies given by a student in the graphs with self-edges (we consider this last measure due to the fact that these are the interactions that can be voted by the rest of the class). The results in Table 1 reveal that the indegree centrality values are only moderate, but the out-degree centrality is noticeable, indicating a nonhomogeneous distribution of the replies submitted by the participants, mainly in the OG. A subset of few nodes act as very active participants in forums (the subset includes the teachers, obviously). Nevertheless, more nodes act as generators of new threads and recipients of information.
As for the closeness centrality, the high values shown in Table 1 are again indicative of the existence of few very active contributors. In the case of the betweenness centrality, the high values observed in Table 1 suggest that in the three networks few nodes act as bridges between different parts of the graph. These results are coherent with the reduced number of articulation points in each network: five in the LG (0, 4, 23, 76 and 105), seven in the PG (0, 5, 9, 15, 33, 90 and 127) and four in the OG (0, 33, 53 and 73) .
Finally, for the eigenvector centrality, we considered the undirected version and tested different configurations of the graphs built up from the datasets (weighted or not, with or without self-loops). Ta sources or recipients of information in the same way.
Assortativity
The assortativity coefficient measures the level of homophyly of a graph, based on some labeling assigned to the nodes. It is positive if similar nodes tend to connect to each other, and negative otherwise. Table 1 lists the degree assortativity and the case of nominal assortativity where each student is labeled according to his/her final grade, considering in both cases the directed graphs. For the nominal assortativity we have obtained low values, suggesting randomness in the relationships. For the degree assortativity, the negative values obtained suggest relationships between the less and the most active students, as it is desirable.
Per Student Behavior
Due to the fact that global level measures can hide some characteristics of the graphs, it might be interesting to study the distribution of the participation of the students in each forum. Next, we briefly report the results of such analysis.
Individual Centralities
In Figures 2 and 3 we depict the histograms of individual degree centralities and number of new threads or replies, which are good indicators of the students' activity. The tail of the empirical out-degree and number of replies distributions accumulates a nonnegligible probability. This is consistent with the view that some nodes concentrate a significant part of the activity of the graphs. Notice that the content of teachers concentrates more that 36, 43 and 49 interactions with more than 20 students in each one of the three graphs. Among the students, the most active ones (4, 5, 90) interact with several others. In addition to the intensity of interactions, another factor is their quality. Figure 3 shows the histograms of the average points obtained for posting new threads or replies (remember the different limits of the scales used in each forum, 3, 5 and 11, respectively). In general, new threads and replies are positively voted, especially those of the lessons and programming forums. It is important to highlight that a 70% of the best contributors (those students whose posts always received the maximum score) finally passed the course.
The alternative measures of centrality produce similar, consistent findings. For example, the individual closeness centralities exhibit non-negligible tails in their histograms, see Figure 4 , revealing the existence of a small number of very active students (4, 5, 15, 23, 36, 90) , close to many others. And for the betweenness centralities, Figure 5 shows with the histograms that the higher values are correlated to the articulation points of each graph, listed previously. Finally, Figure 6 depicts the histograms of the individual eigenvector centralities, taking into account the undirected version of the graphs, weighted or not. Again, we can observe the non-negligible probability of the tails of the distributions (teacher and students 4, 5, 10, 25, 33, 90) .
Next, in order to check the relationship among the patterns of participation in the forums and the achievements of the course, we have measured the statistical correlations between the features under study in this section and the final grades. The sample correlationsρ were computed and the linear regression statistical test was used to quantify such correlations. This test checks the statistical significance of a linear fit of a response variable on one factor variable. The estimated linear coefficient is denoted bŷ β. Under the null hypothesis (meaning that there is no such linear dependence) the test statistic follows a t-distribution, so high values are very unlikely to observe empirically (James et al., 2013) .
The result, in Table 2 , shows a statistically significant positive dependence (ρ > 0.2) between almost all the considered factors and the students' performance. Moreover, in order to understand the relation- ship among the differents roles that each student plays in each network, in Table 3 we show some correlations that suggest a balanced behavior, as desirable. Finally, in order to check the analogies among the different networks, in Table 4 we show some correlations that suggest that many students show a similar pattern of participation in the three forums.
Crossclique Number
The crossclique number counts the number of cliques a node belongs to. Figure 7 depicts histograms of this measure for the three networks. In the LG, students with values higher than 10 are only 4, {4, 25, 53, 90}. In the PG, the students with values higher than 20 are just 3, {4, 5, 90}. Finally, in the OG, students with values higher that 20 are {4, 10, 21, 36, 90}. Additionally, the results in Table 2 indicate that in the three graphs there is a statistically significant positive dependence (again,ρ > 0.2) between membership to many subgraphs and the students' performance. Finally, values in Table 4 also suggest similarities related to this feature among the three forums.
CONCLUSIONS
In this paper, we have reviewed the extent to what structural properties of networks can help to explain, and ultimately predict, the behavior and performance of students in online social learning environments, especially the ones which integrate support for informal learning activities. Provided these informal activities are well designed to capture the students' interest and engage them in participation, the structure of the collaboration networks reflects and contains useful, statistically significant information to identify the individual patterns of engagement, the communities, as well as the correlation between network position or activity and the academic performance of students.
The work presented here focuses on the study of participation in the forums, modeling and investigating the social relationships developed during a typical undergraduate course. We have found evidence that quality participation in this activity is significantly correlated with the final outcome of the course, but it is necessary to continue encouraging and rewarding it in order to increase the degree of involvement of students. We believe that this study contributes to a better understanding of the learning experience and possibly to devise more effective designs of this academic activity. 
